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Abstract: Due to the special characteristics of the shooting distance and angle of remote sensing satellites, the
pixel area ratio of ship targets is small and the feature expression is insufficient, which leads to unsatisfactory
ship detection performance and even situations such as missed detection and false detection. In this study, we
propose an improved-YOLOvV5 algorithm. The improvement strategies mainly include: (1) Add the
Convolutional Block Attention Module (CBAM) into the Backbone to enhance the extraction of target-adaptive
optimal features; (2) Introduce cross-layer connection channel and lightweight GSConv structure into the Neck
to achieve higher-level multi-scale feature fusion and reduce the number of model parameters; (3) The Wise-
IoU loss function is used to calculate the localization loss in the Output, and assign reasonable gradient gains
to cope with differences in image quality. In addition, during the preprocessing stage of experimental data, a
median and bilateral filter method is used for noise reduction to reduce interference from ripples and waves
and highlight the information of ship features. The experimental results show that Improved-YOLOVS5 has a
significant improvement in recognition accuracy compared to various mainstream target detection algorithms;
Compared to the original YOLOv5s, the mean Average Precision (mAP) has improved by 3.2% and the Frames
Per Second (FPN) has accelerated by 8.7%.

Keywords: optical remote sensing images; convolutional block attention module; cross-layer
connection channel; lightweight GSConv; Wise-IoU loss function; median + bilateral filter; object
detection

1. Introduction

In recent years, with the rapid development of remote sensing satellite technology, people have
been brought into an era of comprehensive, multi-angle, and three-dimensional observation of the
Earth. Remote sensing satellites have become an important means of observing ship targets on the
ocean surface due to their unique advantages, while also providing a large number of high-resolution
remote sensing images.

Ship target detection is mainly based on three types of images. One type is infrared remote
sensing images, another is synthetic aperture radar (SAR), and the third is optical remote sensing
images. Infrared remote sensing images have strong environmental adaptability and long detection
range, but suffer from low image contrast and poor detail resolution [1-3]. SAR images have the
advantages of all-weather and robustness, and can detect ship targets in the presence of clutter or
noise interference. However, the images lack detail and color information, making it difficult to
identify ship types [4]. Optical remote sensing images typically use electromagnetic wave imaging
principles and can provide more detailed information about ships, which is beneficial for ship target
identification and classification [5]. It can effectively complement the above two types of images. The
imaging effects of these three remote sensing images are shown in Error! Reference source not
found.. Therefore, ship target detection based on optical remote sensing images has become an
important method for monitoring ships.
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Figure 1. The imaging effects of three remote sensing images: (a) infrared remote sensing image; (b)
SAR image; (c) optical remote sensing image.

Ships are the primary carriers for maritime cargo transportation and critical targets in military
activities. Therefore, ship recognition and classification based on optical remote sensing imagery
plays an increasingly important role in various maritime affairs [4]. Civilians can use it to monitor
ship traffic conditions, prevent congestion, aid in emergency search and rescue operations, command
vessels in special sea areas and nearby ports, and combat illegal activities like pollution, smuggling,
and human trafficking effectively. Militarily, it is helpful to grasp the distribution of enemy ships and
make strategic deployments promptly. This provides a reference for winning sea battles.

With the application and expansion of deep learning in the field of computer vision, deep
learning-based target detection methods have gradually replaced traditional handcrafted feature
design and become a research hotspot in various industries in society. The early target detection
algorithms relied heavily on manual feature extraction, traversed the image through sliding windows
and finally determined the target class by classifiers, which has limitations such as high
computational effort, slow speed, high error rate and strong subjectivity [6]; In contrast, object
detection algorithms based on deep learning offer high operational efficiency, fast processing speed,
and high detection accuracy, making them suitable for real-time detection. The use of computer
vision and convolutional neural network (CNN) has become the dominant algorithm for ship target
detection. Deep learning target detection algorithms can be divided into ONE-STAGE and TWO-
STAGE [7]. TWO-STAGE algorithms generate first region proposal and then subject to CNN for
target classification and position regression. Typical models include R-CNN [8], Fast R-CNN [9] and
Faster R-CNN [10], etc. Although this method achieves high detection accuracy, it is relatively slow.
ONE-STAGE algorithms directly classify and predict the position of targets without generating
region boxes, represented by SSD [11] and the YOLO series [12], etc. Compared with the TWO-
STAGE algorithms, its detection speed is faster, but its detection accuracy is reduced.

Currently, scholars have conducted research on ship target detection based on these two types
of algorithms. Zhang P. P. et al. [13] added the residual convolution module in Faster-RCNN to
improve feature representation ability; Meanwhile, the K-means method was introduced to cluster
the size and aspect ratio of ship targets. Wen G. Q. et al. [14] proposed a multi-scale single-shot
detector (MS-SSD) by introducing more high-level context and more appropriate supervision to
improve the detection effect of small ship targets and enhance the model’s robustness to scale
variance. Chen L. Q. et al. [15] designed a novel and lightweight Dilated Attention Module (DAM)
on the YOLOV3 benchmark framework to extract discriminative features for ship targets. It was
aiming to detect ships with different scales in different backgrounds, while at a real-time speed.
Huang Z. X. et al. [16] proposed an improved YOLOV4 ship target detection algorithm that introduces
the Receptive Field Module (RFB) instead of Spatial Pyramid Pooling (SPP) to enlarge the receptive
field and improve the detection of small targets. Zhou ]. C. et al. [17] improved the YOLOv5s
algorithm, which used the K-means clustering algorithm to re-cluster the target box, while added a
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maximum pooling layer in the space pyramid to improve multiple receptive fields fusion, and finally
used the C-IoU loss function to increase the restriction mechanism for the aspect ratio.

Compared with existing natural images, remote sensing images face problems such as diverse
scales, a majority of small targets and closely arranged partial targets due to the differences in
shooting distances and angles, so the obtained target feature information is relatively limited [4].
Moreover, remote sensing images are susceptible to interference from environmental factors like
wave noise, resulting in the overall poor detection performance of current algorithms and even cases
of missed and false detection [18].

In response to the above, this paper proposes an improved optical remote sensing ship target
detection algorithm based on YOLOv5 (Improved-YOLOvV5). The main work is as follows:

¢ Adding the Convolutional Block Attention Module (CBAM) [19] in the backbone network to
focus on regions of interest, suppress useless information and improve the feature extraction
capability;

¢ Inspired by the Weighted Bi-directional Feature Pyramid Network (BiFPN) [20], adding
additional cross-layer connection channels in the Neck to enhance multi-scale feature fusion.
Moreover, the lightweight GSConv structure [21] is introduced to replace conventional Conv,
reducing the model parameters and accelerating convergence speed.

e  The Wise-IoU loss function [22] is employed as the bounding box loss function at the Output to
reduce the competitiveness of high-quality anchor boxes and mask the harmful gradients of
low-quality examples.

¢ During the preprocessing stage of experimental data, a median filter and bilateral filter are
used to reduce noise, such as water ripples and waves, and to highlight the ship feature
information.

The above improvement strategies can effectively improve the problem of low accuracy of fine-
grained classification recognition of multi-scale and small targets in complex scenes.

2. YOLOV5 Target Detection Algorithm

YOLOVS5 as a classic model of ONE-STAGE algorithms, has a relatively fast detection speed.
Based on differences in network depth and width, there are four versions of YOLOv5s, YOLOv5m,
YOLOV5I and YOLOv5x, among which YOLOv5s is the smallest network and has the fastest running
speed [23]. In this study, YOLOVS5s is chosen as the baseline model to carry out improvement work,
so as to meet the requirements of real-time ship target detection.

2.1. Network Structure

The YOLOv5s consists of four main parts: Input, Backbone, Neck, and Head [23]. Error!
Reference source not found. illustrates the network structure diagram.

The input component mainly performs preprocessing data operations, including Mosaic data
enhancement, adaptive anchor frame calculation and adaptive image scaling [24] These techniques
improve the training speed and network accuracy of the model.

The Backbone component adopts CSPDarknet53 as the backbone network [25], which mainly
includes Conv (Conv2d+BN+SiLU) structure, C3 structure, and SSPF module. The network prevents
overfitting and accelerates model convergence through Batch Normalization (BN); The C3 structure
integrates gradient changes into the feature map to reduce computation while maintaining accuracy;
The SPPF is an enhanced version of Spatial Pyramid Pooling (SPP), which further improve the
running speed while preserving the original function.

The Neck component adopts the FPN+PAN structure, with FPN [26] passing semantic
information from top to bottom and PAN [27] transmitting low-level semantic and positioning
information from bottom to top, thereby enhancing semantic expression and positioning capability
of multiple scales.

The Head component predicts target features, generates bounding boxes, and identifies the
target category.
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Figure 2. YOLOvV5 network structure.

2.2. Loss Function

The YOLOVS loss can be divided into three main components: classification loss, objectness loss,
and localization loss [28]. The overall loss is shown in Equation (1).

L = ﬂ'chls + ﬂ’ZLobj + /13Lloc (1)

where A is the balance coefficient with values of 0.5, 1 and 0.05 respectively.
YOLOVS5 used Binary Cross Entropy Loss function (BCE Loss) to calculate classification loss and
objectness loss. BCE loss is defined as:

—logp ,y=1
—log(l—p),y:O

where y represents the label of the input sample (positive sample is 1, negative sample is 0); p
represents the probability of the model predicting the input sample as a positive sample. Assuming

Ly, =—ylog p—(1-y)log(1-p)== @

p .y=1
that D, = 1= p,y=0 , the definition of BCE Loss Equation can be simplified as:
LBCE = _log D, (3)

The localization loss employs the C-IoU loss function, which takes into account geometric
relationships such as overlap area, centroid distance and aspect ratio, and also effectively addresses
the divergence problem during subsequent training. Its definition is mainly calculated from the
Intersection over Union (IoU) [29], as shown in Equation (4).


https://doi.org/10.20944/preprints202307.0150.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 July 2023 d0i:10.20944/preprints202307.0150.v1

5
2 t
b,b*
Loy =1-10U+ LQ) +av @
c
where:
_ v
(1 —loU ) +v
4 8 w :
V=— arctan —arctan —
T h® h

where p2(b,b9") is the Euclidean distance between the center point of the prediction box and ground
truth box, also known as b; c is the diagonal length of the minimum bounding box between the
prediction and ground truth box; a is the weight coefficient; v is used to measure the consistency of
the aspect ratio; gt is the ground truth box; w and h are the width and height of the prediction box
respectively.

3. Improved-YOLOV5 target detection algorithm

The paper proposes an Improved-YOLOVS5 algorithm for ship target detection in optical remote
sensing imagery, with the overall network architecture as shown in Error! Reference source not
found..

During the improvement process of the backbone network, the CBAM module is added, which
combines channel and spatial attention modules to make the feature extraction focus more on the
target area and suppress useless information. In the neck structure, the BiFPN is used to introduce
contextual [30] and weight information to balance features
of different scales of ideas. Additional cross-layer connection channels are added to generate a larger
receptive field and richer semantic information, achieving higher-level multi-scale feature fusion.
Meanwhile, all Conv modules were replaced by GSConv modules to reduce the parameters and
computation brought about by the feature pyramid structure upgrades [5]. Finally, the Wise-IoU loss
function is used to calculate the bounding box loss in the Output. By re-evaluating the quality of
anchor boxes, a wise gradient gain allocation strategy is provided. This strategy can effectively reduce
the competitiveness of high-quality anchor boxes while also reducing harmful gradients generated
by low-quality examples [22].
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Figure 3. Improved-YOLOvV5 network structure.

3.1. CBAM Attention Module

In complex scenarios, the majority of ship detection targets in remote sensing imagery occupy a
relatively small proportion of the entire image, and the feature information extracted is small and
inconspicuous, so the CBAM is added to the backbone network to obtain information of interest,
suppress useless information and enhance the ability to extract feature information for small targets.
Its working principle is shown in Error! Reference source not found..

e e = = ~
{ Chanel Attention Module \ I/ Spatial Attention Module \| Refined
mput 1y Mool > Comy o> ReLU | MaxPool | Feature
Feature | | | |
! [
C#*1x1 Sigmoid | C*1*1 Concat —» Conv — Sigmoid I
|
|
| L 1 |
Colisw T AugPool —» Conv —» ReLU /I | Ll | CrH*W
N _____ _ N L _____ _/

Figure 4. The structure of Convolutional Block Attention Module.

The CBAM consists of two main sub-modules, Channel Attention Module (CAM) and Spatial
Attention Module (SAM) [31]. How it works: Firstly, CAM changes the feature map from C*H*W to
C*1*1 through maximum pooling and average pooling, then after the Conv module and the ReLU
activation function, the two activated results are summed element by element, then the output of the
CAM is obtained through the Sigmoid activation function, and finally multiplied with the original
map, which becomes the C*H*W size again. Secondly, SAM takes the output of the CAM as input,
and also passes through the MaxPool and AugPool layers to obtain two C*1*1 feature maps, which
are transformed into a 1-channel feature map through concatenating and 7*7 convolution, and then
passes through the Sigmoid activation function to obtain the output of SAM, which is finally
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multiplied with the original map to revert to the C*H*W size. The CBAM can effectively focus on the
local information region and improve the feature extraction capability.

3.2. Multi-scale Feature Fusion

3.2.1. BiFPN Network

In the feature fusion part, the original network employs a top-down Feature Pyramid Network
(FPN) structure to achieve feature fusion of shallow location information and deep semantic
information. However, due to the unidirectional information flow, a bottom-up Path Aggregation
Network (PANet) pathway is added to reduce information loss. Nevertheless, this structure lacks
direct connections between two nodes at the same level, which limits the degree of multi-scale feature
fusion that can be achieved. In this study, BiFPN structure is introduced without adding too much
computational cost [32], as shown in Error! Reference source not found.. The importance of different
input streams is determined by learnable weighting factors, while the additional cross-layer
connection channel is added between two nodes to enable higher-level multi-scale feature fusion.

sy - - - - -——-—"F-""-"—"-"7"""""""”"7"=""”"~""7""”""”"7 N
[ \
C5 20x20 —{—» P5 20x20 > N5 20x20 —:>
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I

Figure 5. BiFPN feature fusion network.

The feature map C4 is chosen as an example to illustrate the feature fusion process based on the
incorporation of cross-scale connection and contextual information weighting operations.

Firstly, each input stream requires a weighting factor to be assigned, and the weights are
obtained by means of network self-learning, using the fast normalized fusion method [20] to constrain
the size of each weight, which is calculated as shown:

0= W ©)

where: O is the output feature; w;;is the learning weight coefficient of different layers; X;; is the
input feature; £ < 0.001.

Secondly, it can be observed that the input streams of feature map N4 include P4, M4, and N3,
where M4 is the image map of feature maps P4 and P5, and its calculation process is shown in
Equation (6):

o P]" + 0P + o, -Resize(P;’”’ )

N, = Conv (6)
O+, +w,+¢

where: Conv is the convolution operation; w;, w; are the different layer learning weights; Pl-i”,
P?“tare the input and output of layer i respectively; P/ is the output of the middle node of the feature
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map in layer i; Resize refers to maintaining the consistency of the input feature map size by using
upsampling or downsampling operations; ¢ is usually set to 0.0001.

3.2.2. GSConv Structure

As the network deepens, the feature map gradually transmits spatial information to the channels
during the backbone network feature extraction process. However, spatial compression and channel
expansion operations lead to partial loss of semantic information. To address this issue, this paper
uses a lightweight GSConv structure to replace the conventional Conv. This can alleviate the
resistance of the input stream and reduce the complexity of the model, while greatly preserving each
inter-channel hidden connections and spatial information without any compression processing. The
structure is shown in Error! Reference source not found..

|
|
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/ N
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.—L> Cony —» I
| |
e | . -
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| l J]
|
|
|

L C2/2channels GSConv )

Figure 6. GSConv structure.

3.3. Loss Function

As an essential component of the object detection loss function, a well-designed localization loss
function can significantly improve the performance of object detection models. Considering the
differences in image quality in real scenes, it is inevitable that there will be low-quality examples in
the training data. Geometric factors (such as distance and aspect ratio) will exacerbate the penalty for
low-quality examples, thus reducing the generalization performance of the model. Based on the idea
of dynamic non-monotonic focusing mechanism, Wise-IoU loss function is constructed to calculate
the localization loss, which has three versions, namely W-IOUv1, W-IOUv2 and W-IOUv3 [22]. In
this paper, utilizing the W-IOUv3 outlier degree to re-evaluate the quality of anchor boxes based on
W-IOUv1, and assigning different gradient gains to samples of different qualities. Error! Reference
source not found. illustrates a schematic diagram of the calculation of each parameter in the Wise-
IoU loss.

B (x*, y*)

B(x,y)

Y

W,

€

Figure 7. Schematic diagram of the calculation of each parameter in Wise-IoU loss.

The W-IOUw loss function is defined as:
LW—Iole =Ry _1vLiw (7)
Where:
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(x_xgt)2+(y_ygt)2

Ry _,,u =€Xp "
2 2
(Wg +Hg)
_ BnB*

where: (x,y) and (x4, Yy,:) are the coordinate values of the center points of the prediction and
ground truth box; W,, H, are the width and height of the minimum bounding box between the
prediction and ground truth box; B, By, are the areas of the prediction and ground truth box.

W-IOUs introduces the outlier degree to describe the quality of the anchor box on based on W-
IOUyy, it is defined as:

ﬂ — LjoU

€[0,+x) ®)

ToU

A smaller outlier degree indicates a higher quality anchor box and is given a smaller gradient
gain in order to concentrate the localization loss on regular anchor boxes; In addition, a larger outlier
degree assigned a smaller gradient gain can effectively prevent harmful gradients from low quality
examples.

Thus, the non-monotonic focusing mechanism factor r constructed using the outlier degree is
applied to W-IOUyi, the definition of W-IOUs is as follows:

LW*IOUH = rLW—IoUV, )
Where:

4. Experimental Results and Analysis

4.1. Experimental Dataset

The dataset for this experiment is chosen from the Fine-grained Object Recognition in High-
resolution Remote Sensing Imagery (FAIRIM) [33] created by the Aero-space Information Research
Institute of the Chinese Academy of Sciences. The dataset covers various scenes such as nearshore
ports and offshore areas. We have selected 2235 images and manually annotated to classify them into
10 common types of ships (Container Ship (CS), Dry Cargo Ship (DCS), Liquid Cargo Ship (LCS),
Passenger Ship (PS), Warship (WS), Engineering Ship (ES), Sand Carrier (SC), Fishing Boat (FB), Tug-
boat (TB), Motorboat (MB)). Some of example images in the FAIRIM dataset are shown in Error!
Reference source not found..
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Figure 8. Example images of the FAIRIM dataset.

The visualization results of the dataset are presented in Error! Reference source not found..
Figure 9 (a) shows the types of vessels and the number of each category labelled in this dataset; Figure
9 (b) can see intuitively the distribution of anchor boxes for the data labels; Figure 9 (c) reveals the
relative position of the detection targets compared to the whole image coordinate system. Figure 9
(d) is the normalized target size map, which means the size of the detection target in relation to the
whole image, it can be seen from the figure that the target size distribution is relatively concentrated
and mostly small.

' ' ' '
02 04 0.6 08
width

(a) (b) (© (d)

Figure 9. Statistical results of the dataset: (a) bar chart of the number of targets in each class; (b) anchor
box distribution map; (c) normalized target location map; (d) normalized target size map.

4.2. Experimental Platform and Parameters Setting

The experimental platform configuration used in this study is shown in Error! Reference source
not found..

Table 1. Experimental environment configuration.

Parameter Configuration
Operating Environment Windows 11
GPU GeForce RTX 3050
Programming Language Python 3.7
Programming Platform Pycharm
Deep Learning Framework Pytorch 1.13.0

CUDA 11.0
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CuDNN 8.0

The network model training was conducted under the experimental environment described
above, and the training parameters are shown in Error! Reference source not found..

Table 2. Experimental parameters setting.

Parameter Number
img-size 640x640
batch-size 8
epochs 300
learning rate 0.01
momentum 0.937
weight-decay 0.0005

4.3. Image Preprocessing

To eliminate the interference of water ripples, waves, wakes and salt and pepper noise around
the ship and highlight the information of ship features, this paper combines median and bilateral
filter methods for noise reduction of the images.

Median Filter (MF) involves replacing the pixel value of a point in an image with the median
value of the values of all points in its neighborhood. This makes the surrounding pixel values closer
to the true values, thereby eliminating isolated noise points [34], An example of this is shown in Error!
Reference source not found..

17 | 8 6 | 11 | 52 17 | 8 6 | 11 | 52

9 | 15|21 (27 | 14 9 | 15| 21|27 | 14

Median filter
processing

8 | 37| 13 | 44 | 21 8 | 37| 13| 44 | 21

54 177|163 |18 | 7 5477|6318 | 7

Sort : 2, 13, 15, 19, 21, 27, 32, 37, 44
Figure 10. Example of median filter processing.

Bilateral Filter (BF), as a non-linear filter that takes into account the influence weight of the
Euclidean distance and the grey scale interpolation when calculating the new value of a certain pixel
point [35]. It can effectively remove noise and preserve the edge features of ships better. The
definition is as follows:

B (1), =36, (lp=al)G, (1 (r)-1 ()1 (9) (0

p q€S
Where:

W,=>G, (lp-dl)G. (j1(p)-1(q))

qes

where: BF[I], is the image after bilateral processing; W, is the normalization factor; S is the
neighborhood of a pixel point; G,.(llp — ql|) is the spatial weight; o is the standard deviation of the
spatial domain.; p, q are any two pixel points in the image; G, (|I(p) —I1(q)]) is the pixel range
weight; o, is the standard deviation of the range; I(p) is the input image; I(q) is the output image.
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Through comparison between the median filter, bilateral filter and their combination, it can be
found that the combination of median filter and bilateral filter has a better noise reduction effect than
using them separately, so this paper adopts the median + bilateral filter method for image noise
reduction of the dataset, and its noise reduction effect is shown in Error! Reference source not found..

(@) (b)

(© (d)

Figure 11. Median filter and bilateral filter for noise reduction: (a) original image; (b) median filter for
noise reduction; (c) bilateral filter for noise reduction; (d) median + bilateral filter for noise re-duction.

4.4. Evaluation Metrics

In this study, Average Precision (AP), mean Average Precision (mAP) and Frame Per Second
(FPS) are used as evaluation metrics to assess the performance of the algorithm.

The AP is a measure of the quality of detection results for a certain category, usually related to
Recall (R) and Precision (P); The mAP is a measure of detection results for multiple categories, and
its calculation is related to the AP; The specific Equation for calculating AP and mAP are as follows.

Recall (R) is calculated by the Equation:

_ Nip
Nip+Npy
where: Npp is the number of positive samples that are correctly classified; Ngy is the number of

samples that are positive but are misclassified as negative.
Precision (P) is calculated by the Equation:
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— Nip
Npp+Npp

where: Npp is the number of samples that are negative but are misclassified as positive.
The AP is the area enclosed by the P-R curve, with Precision and Recall as the vertical and
horizontal coordinates, which is calculated as:

1
AP = P(r)dr (11)
The AP of all samples were then averaged to obtain the mAP, which is calculated as:

> AP
mAP =—~—— (12)

all _classes

where:  Ngj cigsses 15 the total number of samples. mAP_0.5 and mAP_0.5:095 are two
representations of mean Average Precision. mAP_0.5 sets the IoU threshold to 0.5 and then averages
the AP for all classes; mAP_0.5:0.95 sets different thresholds ranging from 0.5 to 0.95 with a step size
of 0.5, and then averages the AP for all classes.
The FPS stands for frames per second, is the main indicator for real-time performance evaluation
of a model, which is calculated as:
1000

FPS=——— (13)
lp +1

where: t, is the image preprocessing time; t; is the model inference time; tyys is the Non-
Maximum Suppression time.

4.5. Ablation Experiment

In order to verify the detection performance of the improved method, ablation experiments were
conducted on each improved component, and compared experimentally with the detection
performance of the original model. The roles of each improvement strategy are as follows: Adding
the CBAM effectively suppresses useless information and focuses more on the target information;
Replacing the BiFPN network enables feature fusion at different levels; Replacing the conventional
Conv with the GSConv structure reduces the number of model parameters and shortens the training
time; The target's height and width in pixel values and categorize its dataset into Large-size (256
pixels x 256 pixels), Medium-size (128 pixels x 128 pixels), and Small-size (64 pixels x 64 pixels) [36].
The results of the ablation experiment are shown in Error! Reference source not found., with the best
results highlighted in bold.

Table 3. Detailed comparison of the results of the ablation experiment.

AP (%) FP
Improvement Strategy - - - -
Large-size Medium-size Small-size mAP 0 S
W- 5 (
CBA  BiFPN+GSC DC LC w M
HERTESRe e s PS ES SC FB TB %) fls
M nv S S S B
U )
88. 88. 97. 47. 56. 76.
X X X 93.4 73 59 68 749 69
4 7 6 4 5 7
91. 90. 81. 95. 55. 55. 84. 53. 66.
N J X 93.9 76.9 76
2 4 9 4 2 9 9 5 5
. 7. 77. 7. . . 47. .
N X N 8 929 8 ? 2. 58 79 63 75 76

3 6 8 4 2 1 5 8
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89. 88. 97. 61. 47. 8l. 64.
X v v 94.7 78 54 75.8 76
2 9 7 7 4 7 7
89. 87. 82 59. 61. 82. 58. 68.
v N v 93.9 96 78.1 75
9 9 9 3 3 7 8 6

As can be seen from Table 3, in the ablation experiments, the improvement strategies proposed
in this paper have achieved certain improvements in the detection performance indicators compared
to the original model. Adding CBAM and BiFPN+GSConv increased mAP_0.5 by 2%; Adding CBAM
and W-IoU increased mAP_0.5 by 0.1%; Adding BiFPN+GSConv and W-IoU increased mAP_0.5 by
0.9%; After adding all the improvement strategies, the overall mAP_0.5 improved by 3.2%. Although
the detection speed is slightly reduced compared to the combination of the other two strategies, it
does not affect the real-time target detection requirements. Ultimately, the improvement scheme was
determined to include the CBAM, BiFPN network, lightweight GSConv structure and the W-IoU loss
function. The experimental results before and after its improvement with the original model YOLOv5
are shown in Error! Reference source not found..

100

N 2 —o—yOLOVS 0.0 ——YOLOVS
" V # Improved-YOLOVS 057 Improved-YOLOVS
- 0.06 |
§ 60+ g
~y 4
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Figure 12. Comparison of experimental results before and after algorithm improvement: (a) AP by
vessel type; (b) overall loss of model; (cymAP_0.5; (d)ymAP_0.5:0.95.

As shown in Figure 12, Improved-YOLOvV5 has a more significant improvement in average
precision for small and medium ships, and the overall loss of the model is less compared to the
original YOLOVS5. In terms of mean Average Precision, mAP_0.5 and mAP_0.5:0.95 first surpassed
the original YOLOVS5 at about 105 and 120 epochs respectively, and have maintained the lead ever
since. In conclusion, after 300 epochs of training, the Improved-YOLOV5 algorithm has achieved
better evaluation metrics than the original YOLOVS5.

A confusion matrix was utilized to evaluate the accuracy of the model’s results. Each column of
the confusion matrix represents the predicted proportions of each category, while each row
represents the true proportions of the respective category in the data [37]. The confusion matrix for
the two algorithms before and after the improvement is shown in Error! Reference source not found..
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As can be seen from Figure 13, most of the targets were correctly predicted. The improved-model has
slightly better detection performance than the original model on small and medium ship targets.
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Figure 13. The confusion matrix of the before and after model improvement: (a) YOLOV5; (b) Im-
proved-YOLOVS.

The comparison of the detection performance before and after the algorithm improvement is
shown in Error! Reference source not found.. By comparing the pictures, it can be found that the
improved algorithm can effectively improve the detection effect, avoid the situation of missed
detection and false detection, and at the same time improve the detection ability of small targets. The
following image is displayed enlarged based on the original image.

[id Carg S

YOLOv5

Improved-
YOLOvV5

(b)

Figure 14. Comparison of the detection performance before and after the algorithm improvement: (a)

multi-scale; (b) small targets and tight arrangement; (d) disturbed by water wave background (The
red box indicates missed detections, while the blue box indicates false detections).
4.6. Performance Comparison of Various Target Detection Algorithms

In order to further validate the effectiveness of the improved algorithm, this study compared it
with several mainstream target detection algorithms, including Faster R-CNN, SSD, YOLOv3,
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YOLOv4 and YOLOV?7. The results of the comparison experiments are shown in Error! Reference
source not found., with the best results highlighted in bold.

Table 4. Comparison of detection results between different algorithms.

Modeling AP (%) mAP  FPS
. Large-size Medium-size Small-size (% (f/s
Algorithm
CS DCS LCS PS WS ES SC FB TB MB ) )
Faster RCNN 957 763 816 72 946 482 164 259 101 169 538 7
SSD 923 739 823 773 883 371 163 738 195 193 579 45
YOLOV3 939 727 846 8 92 262 102 557 387 508 609 33
YOLOv4 782 695 791 723 774 0 0 0 129 425 432 41
YOLOV? 843 899 739 768 9.4 34 265 791 27 546 643 35
Improved- 899 939 879 829 9 593 613 827 588 686 781 75
YOLOV5

From the experimental results, it can be observed that the Improved-YOLOv5 proposed in this
study achieves the best detection performance on the FAIRIM dataset, with the mAP of 78.1%.
Improved-YOLOVS5 has increased 24.3%, 20.2%, 17.2%, 34.9% and 13.8% in the mAP compared to
Faster R-CNN, SSD, YOLOv3, YOLOv4 and YOLOvV7 respectively. In addition, it has an excellent
performance in detecting small and medium ships. Furthermore, the detection rate is significantly
improved compared to other model algorithms, which better meet the requirements for real-time
target detection. The experimental comparison results of training loss and the mAP of Improved-
YOLOV5 and various target detection algorithms are shown in Error! Reference source not found..
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Figure 15. Comparison results of training loss and the mAP of Improved-YOLOv5 and various target
detection algorithms: (a) Faster R-CNN; (b) SSD; (c¢) YOLOv3; (d) YOLOv4; (e) YOLOV7; (f) Im-
proved-YOLOVS.

4.7. Comparison of detection results

Due to the special characteristics of the distance and angle of remote sensing satellite imaging,
the size of ship targets in the entire image is relatively small, resulting in limited feature information
in the network extraction process, which leads to unsatisfactory detection performance of the current
various target detection algorithms. In order to effectively verify the detection performance of our
algorithm and several commonly used algorithms in complex scenes, we compare the proposed
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method with 5 typical methods (Faster R-CNN, SSD, YOLOv3, YOLOv4, and YOLOv?). Error!
Reference source not found. intuitively shows the ship detection results in different maritime scenes.
Complex scenes include situations such as multi-scale, a large number of small targets and tight
arrangement. Compared to the others, our proposed improved method can efficiently and accurately
identify ship types in different scenes captured by remote sensing satellites, especially in the detection
ability of small objects. The following image is displayed enlarged based on the original image.

Faster
R-CNN

SSD

YOLOv
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YOLOv
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YOLOvV
5

Figure 16. Comparison of detection performance between Improved-YOLOV5 and various algorithms
((Faster R-CNN, SSD, YOLOV3, YOLOv4, and YOLOV?), the red box indicates missed detections, the
blue box indicates false detections, and the purple box indicates overlapping anchor boxes).

The comparison in Figure 16 shows that Improved-YOLOvV5 outperforms other algorithms in
terms of both missed and false detections, and at the same time has a high detection accuracy.
Therefore, it can meet the requirements of accurate and real-time detection of ships on the sea surface
from remote sensing images.

5. Conclusions

Ship target detection in remote sensing images faces challenges such as complex scenes, tight
arrangement and mostly small targets, which can result in poor overall detection performance and
even missed or false detection.

Therefore, we propose the Improved-YOLOvVS5 algorithm. The contribution of this study is
threefold. Firstly, adding the CBAM in the backbone network to adaptively optimize the features of
the targets in both channel and spatial dimensions, enabling it to focus more on the relevant feature
regions. Secondly, the BiFPN network is used in the feature fusion process to achieve higher-level
multi-scale feature fusion by cross-layer connecting input and output nodes of the same level; At the
same time, the lightweight GSConv structure replaces the conventional Conv, reducing the model's
parameter and computational complexity. Finally, to address sample image quality differences and
reduce the harmful gradients of low-quality examples, the Wise-IoU loss function is applied at the
output for calculating the localization loss and assigning reasonable gradient gains. After
experimental comparison, the improved algorithm in this paper has improved the mAP by 3.2% and
accelerated the FPS by 8.7% compared to the original YOLOv5s, which can effectively improve the
detection performance of small targets and reduce the missed detection rate of densely distributed
small targets.

In our future research, the next step will be to continue optimizing the network architecture to
improve ship detection performance in complex remote sensing images. This also involves reducing
network inference complexity and optimizing anchor box orientation and size to make it better
portable for deployment on embedded platforms.
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